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Abstract

In today’s competitive landscape, understanding customer behavior and measuring Customer Lifetime Value (CLV)
have emerged as key factors in improving financial decisions and creating sustainable value for firms. This research
aims to investigate the role of customer behavior in shaping CLV and the subsequent impact of these two variables on
corporate financial decisions, by analyzing the relationships between these three key constructs within a structural
equation modeling framework. In a competitive and dynamic environment, customer behavior—as the primary driver
of purchasing patterns, loyalty, engagement, and continuity of the relationship with the firm—plays a fundamental
role in long-term value creation, and understanding it enables more accurate predictions of future profitability
potential. Previous theoretical and empirical findings suggest that CLV serves as a linking pin between customer
behavior and organizational financial outcomes, as this metric can translate fragmented and complex customer
behaviors into a reliable financial criterion for managerial decision-making. Therefore, when firms utilize CLV as
part of their financial decision-making process, the quality of budgeting, resource allocation, risk management, and
profitability forecasting improves significantly. By precisely defining the variables, analyzing the scientific
background, and explaining their practical importance, this research provides a coherent framework that can serve as
a foundation for designing customer-centric management models and making smarter financial decisions in
organizations.

Keywords: Customer Behavior, Customer Lifetime Value (CLV), Corporate Financial Decisions,
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Introduction

In today’s competitive and dynamic business environment, a profound understanding of the customer and
their impact on a firm’s financial performance is of critical importance. With the increasing availability of
data and advancements in analytical tools, relying solely on traditional financial indicators, such as short-
term profitability, is no longer sufficient (Gupta & Zeithaml, 2006). Instead, a more comprehensive,
customer-centric approach that addresses long-term value creation through robust customer relationships
has become essential. In this regard, intelligent modeling of customer behavior not only assists firms in
identifying consumption patterns and individual preferences but also provides a foundation for predicting
Customer Lifetime Value (CLV) (Kumar & Reinartz, 2016). This prediction, in turn, can serve as a
crucial guide for the optimal allocation of marketing and sales resources and the development of targeted
strategies for customer retention and growth. However, despite the growing importance of behavioral
customer data, there remains a notable gap in understanding how this behavioral data can be translated
into tangible and strategic financial decisions at the firm level (Pansari & Kumar, 2017). Many firms
collect customer data but lack a comprehensive framework to translate these insights into effective
financial decisions.

The core issue lies in how complex customer behavior can be analyzed in a way that its impact on CLV is
clearly defined, and ultimately, how this value can be converted into reliable information for high-level
corporate financial decision-making. Historically, marketing and finance departments have often operated
in silos, lacking a common language to bridge their respective performance indicators (Rust, Lemon, &
Zeithaml, 2004). This separation led to strategic misalignment and inefficient resource allocation.
However, with the emergence of concepts such as CLV, there is now the potential to bridge these two
domains. Nevertheless, the precise mechanism of this connection—particularly the mediating role of
CLV in the relationship between customer behavior and corporate financial decisions—has not been fully
elucidated in the academic literature (Lemon & Verhoef, 2016). Understanding this mechanism is vital
for firms to leverage their customer data effectively, thereby not only enhancing customer loyalty and
satisfaction but also achieving financial stability and long-term growth. Therefore, this research seeks to
bridge this knowledge gap by comprehensively examining the impact of intelligent customer behavior
modeling on CLV and corporate financial decisions, with a focus on the mediating role of CLV in these
relationships, to provide an operational and theoretical framework for customer-centric value
management.

Lecture Review
Customer Behavior

Customer behavior is defined as the set of mental, emotional, and practical processes that occur
throughout the customer’s journey—from need recognition, information search, and evaluation of
alternatives to purchase, consumption, post-consumption experience, and, ultimately, the decision to
repeat or cease future purchases (Lemon & Verhoef, 2016). This behavior is a complex amalgamation of
cognitive, social, economic, psychological, and experiential factors, dynamically influenced by
expectations, perceived quality, prior experience, and marketing stimuli (Ascarza et al., 2018). In the
digital age, customer behavior has become more diverse than ever due to shifts in online interaction
patterns, the availability of precise behavioral data, and multiple touchpoints, moving customers from a
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simple linear cycle to an expansive, multi-path experiential journey (Verhoef et al., 2021). According to
recent studies, customer behavior encompasses measurable indicators such as repurchase rates, price
sensitivity, brand preferences, engagement metrics (e.g., campaign responsiveness), and indirect
behaviors like word-of-mouth or social media participation (Pansari & Kumar, 2017). The significance of
customer behavior in marketing and management research lies in the fact that behavioral patterns serve as
powerful predictors for performance metrics, including sales, profitability, customer valuation, and even
corporate valuation in capital markets (Srinivasan & Hanssens, 2022). In essence, customer behavior is an
objective manifestation of subjective perceptions; therefore, accurate analysis of such behavior leads to a
more precise understanding of how value is created and allows for the prediction of future interactions
(Davenport et al., 2020). Consequently, in modern management, customer behavior is considered not
merely a descriptive variable but a strategic, decision-making asset capable of shaping the framework for
resource allocation and the development of customer engagement strategies.

Customer Lifetime Value (CLV)

Customer Lifetime Value (CLV) is defined as the net present value (NPV) of future revenue streams
generated by a customer throughout their entire relationship with an organization (Kumar & Reinartz,
2018). CLV is grounded in the principle that different customers generate varying levels of financial
value for a firm, and this variance stems directly from purchasing behavior, loyalty, retention rates,
transactional profitability, and future purchase probability (Fader & Hardie, 2020). This concept is a
fundamental component of Customer Relationship Management (CRM) and data-driven marketing, as it
enables firms to measure the true long-term value of a customer and adopt targeted strategies such as
advertising budget allocation, loyalty campaign design, service level optimization, and channel selection
(Ryals, 2023). With the growth of data mining, machine learning, and predictive modeling, CLV has
evolved from a traditional financial metric into an intelligent and dynamic indicator that incorporates not
only revenue streams but also future customer behavior, churn risk, product preferences, digital
interactions, and even psychological factors (Wong et al., 2023). The strategic importance of CLV stems
from its direct correlation with corporate valuation, sustainable cash flow, growth rates, and stock prices
(Shah et al., 2022). Furthermore, increasing CLV is recognized as a key performance indicator (KPI) for
marketing and finance departments, utilized by organizations to identify profitable customers, design
retention programs, and manage customer portfolios (Cambra-Fierro et al., 2021). In contemporary
literature, CLV is introduced not only as an analytical output but as a mediating mechanism between
customer behavior and corporate financial decisions, as changes in customer behavior immediately
manifest in their lifetime value, which is subsequently transmitted to the level of financial decision-
making.

Corporate Financial Decisions

Corporate financial decisions encompass a set of strategic, operational, and investment choices aimed at
maximizing firm value, controlling risk, managing cash flows, and enhancing asset returns (Li et al.,
2023). These decisions include capital budgeting, resource allocation, cost management, project
evaluation, profitability forecasting, financial planning, working capital management, and the
optimization of intangible assets, including customer equity (Srinivasan & Hanssens, 2022). Today,
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financial decisions are no longer based solely on traditional accounting but are increasingly dependent on
behavioral and experiential customer data. The rise of Value-Based Marketing and customer data
analytics has empowered financial managers to utilize indicators such as CLV, share-of-wallet, churn
rate, retention rate, and customer equity as financial inputs (Ryals, 2023). Companies operate in an
environment characterized by high competition, uncertainty, and market volatility; consequently, the link
between marketing and finance has strengthened, and modern financial decisions must be aligned with the
analysis of customer behavior and lifetime value (Katsikeas et al., 2016). Within this framework,
intelligent financial decisions deal not only with historical data but with forecasts of future customer
value, purchase sensitivity, and the probability of continued relationship with the firm (Herman et al.,
2021). Thus, the role of customer data in financial decision-making has intensified, making customer-
centric indicators the primary drivers of financial, investment, product development, and risk
management decisions.

Literature Review

The research literature demonstrates that customer behavior, CLV, and corporate financial decisions are
three seemingly independent but deeply interconnected fields. Initially, studies on customer behavior
focused on the customer decision-making process, factors influencing choices, and responses to
marketing stimuli (Lemon & Verhoef, 2016). With advancements in analytical technologies, a new wave
of research shifted toward behavioral modeling and the precise analysis of purchasing patterns, loyalty,
brand affinity, and customer engagement (Verhoef et al., 2021). In the last decade, scientific literature has
shown that customer behavior is significantly quantifiable and can be integrated into efficient predictive
models to extract customer value creation (Ascarza et al., 2018). This evolution established CLV as the
link between customer behavior and a firm’s financial performance (Nguyen et al., 2020). Both classic
and contemporary research on CLV consistently show that different customers hold different financial
values for an organization, directly influenced by their purchase behavior and interactions (Fader &
Hardie, 2020). Furthermore, a growing body of research emphasizes that CLV is not merely a
consequence of customer behavior but a mediating variable that transmits the effects of such behavior to
financial indicators, thereby playing a vital role in improving financial decisions (Shah et al., 2022). In
the realm of financial decision-making, recent research indicates that customer data and behavioral
indicators have become an inseparable part of financial and investment analysis (Li et al., 2023). Recent
studies also state that firms integrating CLV into their financial models possess a greater capacity for
revenue forecasting, risk mitigation, budget optimization, and long-term value creation (Ryals, 2023).
Ultimately, the academic literature clearly demonstrates that the relationship between customer behavior,
CLV, and financial decisions forms a meaningful causal chain, providing essential insights for designing
new customer-centric value-creation models within firms (Pansari & Kumar, 2017). Building on this
review, it is evident that the dominant trend in recent research shows that organizations are gradually
moving away from traditional product-oriented and sales-oriented approaches toward customer-centric
and value-oriented perspectives, viewing the customer not merely as a consumer unit, but as a strategic
asset and a generator of long-term value. In this framework, research suggests that customer behavior, as
the starting point of the value chain, plays a decisive role in shaping revenue streams, ensuring profit
sustainability, and reducing financial uncertainty, as behavioral patterns—such as purchase continuity,
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price responsiveness, engagement levels, and loyalty—directly impact revenue stability and cash flow
predictability. This line of thought indicates that CLV, as an aggregate construct, has successfully
represented these fragmented behaviors in a financial format understandable to senior management and
financial decision-makers, thereby bridging the historical gap between marketing and finance
departments. Numerous studies emphasize that when CLV is at the core of analysis, financial decisions
shift from being reactive and short-term to proactive, analytical, and forward-looking. In other words,
managers focus on the future potential value of customers rather than solely on past financial outcomes;
this shift leads to the redesign of budgeting policies, prioritization of investments, optimization of
marketing costs, and revision of pricing strategies. Moreover, the literature shows that leveraging
behavioral data and CLV-based predictive models allows firms to mitigate the risk of financial decisions,
better manage market uncertainty, and allocate limited resources to the most profitable customer
segments. Ultimately, this body of research underscores that aligning customer behavior analysis with
CLV and integrating it into the financial decision-making process creates not only an analytical tool but a
sustainable competitive advantage, leading to improved financial performance, increased firm value, and
a strengthened position in competitive markets.

Research Methodology

The present study is applied in nature based on its objective, and descriptive-survey in terms of data
collection methodology. A descriptive-analytical approach, with an emphasis on Structural Equation
Modeling (SEM), has been employed to rigorously examine the causal relationships among the research
variables. Initially, a structured questionnaire (comprising both standardized and researcher-developed
items based on globally validated indices) was designed to measure key variables, including customer
behavior, Customer Lifetime Value (CLV), and corporate financial decisions. The content validity of the
instrument was confirmed by experts in the fields of management, marketing, and finance. Following
necessary refinements, the questionnaire was distributed among the target population using stratified
random sampling.

Once collected, the data underwent a cleaning process to ensure the absence of inconsistencies or missing
values before being imported into specialized statistical software. During the data analysis phase, the
reliability of the instruments was first assessed using Cronbach’s Alpha and Composite Reliability (CR),
while Convergent Validity (Average Variance Extracted - AVE) was calculated to ensure the quality of
the measurement model. Subsequently, utilizing Structural Equation Modeling and appropriate fit indices
(such as Goodness of Fit - GOF), the relationships between the core research variables were evaluated,
and the research hypotheses were tested based on the significance of the path coefficients. This process
enabled the identification of quantitative causal relationships between customer behavior, CLV, and
corporate financial decisions, while moderation effects were also examined through the SEM framework.
Finally, the research findings were interpreted based on statistical analyses and synthesized into a
conceptual model to clearly present both scientific and practical contributions.

Finding
At this stage, in order to evaluate the research conceptual model, verify the existence of causal
relationships among the research variables, and assess the goodness-of-fit between the observed data and
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the conceptual model, the research hypotheses were tested using Structural Equation Modeling (SEM).
The results of the hypothesis testing are illustrated in the figures below.
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Figure (1): Measurement of the overall model and hypothesis results (Standardized path coefficients)
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Figure (2): Measurement of the overall model and hypothesis results (Significance t-values)
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To assess the reliability of the constructs, Cronbach’s Alpha and Composite Reliability (CR) were
utilized. Convergent validity was assessed to ensure the validity of the measurement model, and the
Goodness of Fit (GOF) index was employed to evaluate the overall model fit.

Table (1): Reliability and Validity of Outer Models

Variable CR AVE MSV Fornell-Larcker Matrix
1 2 3
1. Customer Behavior 0.787 0.552 0.193 0.743
2. Customer Lifetime Value (CLV) 0.844 0.644 0.478 0.342 0.803
3. Corporate Financial Decisions 0.918 0.651 0.423 0.331 0.470 0.807
. A Cronbach’s Alpha value greater than 0.7 indicates acceptable reliability.
. A Composite Reliability (CR) value above 0.7 for each construct signifies satisfactory internal

consistency for the measurement model.
. An Average Variance Extracted (AVE) value above 0.5 indicates acceptable convergent validity.

. Given the threshold values of 0.01, 0.25, and 0.36 for weak, moderate, and strong Goodness of
Fit (GOF), the calculated value of 0.62 indicates a strong model fit.

The following table summarizes the path coefficients, significance levels (t-values), and the results of the
proposed research hypotheses.

Table (2): Results of Hypothesis Testing

Hypotheses Result
Customer behavior has a positive and significant impact on Customer Lifetime Value (CLV). Supported
Customer behavior has a positive and significant impact on corporate financial decisions. Supported

Customer Lifetime Value (CLV) has a positive and significant impact on corporate financial decisions.  Supported

Customer Lifetime Value (CLV) plays a mediating role in the relationship between customer behavior and
corporate financial decisions.

Hypothesis 1 postulated that customer behavior has a positive and significant impact on Customer
Lifetime Value (CLV). Statistical analysis, as presented in Table (2), reveals that the t-value for the path
between these two variables exceeds 1.96; therefore, this hypothesis is supported. Furthermore, since the
resulting t-value is positive, the impact is confirmed to be direct and positive.

Supported

Hypothesis 2 postulated that customer behavior has a positive and significant impact on corporate
financial decisions. Statistical analysis, as shown in Table (2), indicates that the t-value for the path
between these variables is greater than 1.96, thereby supporting the hypothesis. Given the positive t-
value, this relationship is also confirmed as a direct, positive effect.

Hypothesis 3 postulated that Customer Lifetime Value (CLV) has a positive and significant impact on
corporate financial decisions. Based on the analysis in Table (2), the t-value for this path exceeds 1.96;
thus, this hypothesis is supported. The positive t-value confirms that this impact is direct and positive.
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Hypothesis 4 postulated that Customer Lifetime Value (CLV) plays a mediating role in the relationship
between customer behavior and corporate financial decisions. Statistical analysis, as shown in Table (2),
demonstrates that the t-value for this path is greater than 1.96, confirming the hypothesis. Since the
resulting t-value is positive, it indicates a significant, direct, and positive mediating effect within this
causal chain.

Conclusions

The findings of this study, validated through Structural Equation Modeling (SEM) and supported by
precise statistical indices, clearly demonstrate a profound and strategic link between customer behavior,
Customer Lifetime Value (CLV), and high-level corporate financial decision-making. The confirmation
of the first hypothesis (the positive and direct impact of “customer behavior” on “CLV”) indicates that
intelligent modeling of customer behavior is not merely a monitoring tool, but the foundation for
identifying value-creating patterns. When firms accurately analyze customer behavior, they can identify
segments with higher potential for repurchase, loyalty, and long-term profitability. This represents a
transition from a traditional, short-term view of the customer to an approach based on lifetime value
management, where acquisition and retention costs are viewed as investments for creating sustainable
future cash flows rather than overhead expenses.

Furthermore, the confirmation of the second and third hypotheses, which address the direct impact of
customer behavior and CLV on corporate financial decisions, highlights the practical significance of these
findings in financial boardrooms. Corporate financial decision-making models can no longer operate in a
vacuum without accounting for marketing and behavioral variables. The results indicate that customer
behavior directly and indirectly (via CLV) influences corporate financial decisions, including operational
budgeting, resource allocation to target markets, and investment strategies. This implies that financial
decision-makers must look beyond traditional financial statements and accounting indices to view
“customer equity” as an intangible yet decisive asset on the balance sheet. By precisely understanding
how customer behavior affects CLV and subsequently financial decisions, firms can achieve more
accurate cash flow forecasts, mitigate financial risks associated with market volatility, and optimize their
capital structure and costs.

A key distinction of this study lies in the confirmation of the fourth hypothesis, where CLV acts as a
mediating variable in the relationship between customer behavior and corporate financial decisions. This
finding has significant strategic implications, suggesting that the impact of customer behavior on financial
decisions is not necessarily a simple linear relationship; rather, CLV functions as a “filter” or
“intermediary” that determines the intensity and direction of this impact. Without accounting for the role
of CLV in the financial value chain, understanding customer behaviors may lead to misleading financial
decisions. This model demonstrates that to translate customer behavior into tangible financial results,
CLV must be positioned as a Key Performance Indicator (KPI) within the decision-making process.

Finally, the strong model fit (GOF = 0.62) and the high reliability and validity of the measurement
instruments underscore the scientific credibility of this conceptual model. This research proposes that
firms shift from reactive approaches to proactive strategies based on behavioral data mining and CLV
analysis. These findings pave the way for developing intelligent Decision Support Systems (DSS) capable
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of real-time behavioral analysis, CLV prediction, and providing financial recommendations for optimal
resource allocation.

Research Limitations

Several limitations may influence the interpretation and generalizability of these findings. First, this study
is based on cross-sectional data collected within a specific timeframe; thus, the results may not be
generalizable to different temporal conditions or geographical environments. Second, the sample was
limited to a specific industry, which may restrict the generalizability of the findings to other sectors.
Third, while SEM is a robust tool for analyzing complex relationships, it entails limitations such as the
assumption of linearity and the requirement for error-free data. Finally, important variables (such as
psychological factors, customer satisfaction levels, and external market factors) were not included in this
model, which may affect the comprehensiveness of the results.

Recommendations Based on Findings

Given the results, it is recommended that economic entities focus on developing and improving systems
for analyzing customer behavior and predicting CLV. The design of intelligent, data-mining-based
systems that identify and analyze behaviors in real-time enables marketing and financial strategies to be
based on precise, time-sensitive information. Furthermore, firms should emphasize CLV as a critical
index in financial decision-making processes.

Future research is encouraged to explore external variables, such as market changes, economic
fluctuations, and technological trends, to provide a more holistic view of the impact of customer behavior
on financial decisions. Incorporating these variables and analyzing their interactions can contribute to the
development of multi-dimensional models, leading to a deeper understanding of corporate financial and
behavioral dynamics. Additionally, conducting broader research using national and international samples
and longitudinal historical data would enhance the practical application of these findings, strengthening
evidence-based managerial solutions in marketing and financial policy-making.

Contribution to Knowledge

As the first study utilizing Structural Equation Modeling to investigate the impact of customer behavior
on financial decisions through the mediating role of CLV, this research significantly enriches the
literature on financial management and marketing within digital and intelligent environments.
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